ABSTRACT Grid-connected photovoltaic power generation has become an effective way to utilize solar energy. In order to accurately analyze the dynamic characteristics of a grid-connected photovoltaic power station, an equivalent modeling method based on the Canopy-FCM clustering algorithm is proposed. Considering the lack of theoretical basis for the selection of the traditional clustering index, this paper deduces the transfer function of the grid-connected inverter control system based on the detailed model and proposes a new clustering index, which takes the zero-pole expression of the closed-loop transfer function as the prototype. In order to improve the fuzzy C-means clustering method, which is sensitive to the initial clustering centers and the outliers, a Canopy algorithm with lower computation cost is introduced. Before fuzzy C-means clustering analysis, the Canopy algorithm is used to determine the initial clustering centers and the number of clusters to improve the accuracy and efficiency of the clustering algorithm. The effectiveness of the proposed method is verified by simulation examples.
I. INTRODUCTION
With the gradual depletion of global fossil energy, the use of renewable energy has become an inevitable choice for people to survive and develop. In 1993, Germany built the world's first MW-scale grid-connected photovoltaic (PV) power station. Since then, the construction of large-scale grid-connected PV power stations has become a trend in the development of PV industry in various countries [1] . However, unlike traditional power generation methods, PV system achieves power output through power electronic devices with fast response characteristics. Its dynamic characteristics depend entirely on the performance of the inverter and its control system. With the increase of its permeability in power grid, the dynamic characteristics of power grid will change [2] - [4] , and then it will affect the safe and stable operation of power grid and the configuration of protection devices after faults. Therefore, it is of great significance to
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accurately model the grid-connected PV power station and simulate its dynamic performance.
The dynamic characteristics of a PV power station can be accurately simulated by establishing a detailed device-level model [5] - [7] . However, the station contains a large number of power electronic devices. Building detailed models for them will not only increase the workload but also increase simulation time and reduce simulation efficiency. To this end, scholars have carried out a lot of research on the equivalent modeling and simulation of grid-connected PV power stations. Clustering provides a reference and basis for equivalent modeling. Reference [8] obtained a two-machine equivalent model of the PV power plant under the same conditions of all PV cells working mode and load distribution. Assuming that the types of inverters in the PV power station are the same, the equivalent model is established in references [9] - [10] . The above assumptions are too ideal. In view of the fact that there are many kinds of inverters and the load distribution is uneven in PV power plants, reference [11] takes the control parameters and filtering parameters of grid-connected inverters as clustering indicators. By calculating the distance between them, PV units with similar distances are merged into an equivalent machine. In references [12] , the clustering index considering sensitivity coefficient is used to cluster PV power plants based on K-means clustering algorithm, which improves the clustering accuracy. In addition, the dynamic performance of PV power plants can also be affected by special devices. In reference [13] , considering the dynamic characteristics of a synchronous power control device (SPC) in inverters, a method to obtain an equivalent model of a large-scale PV power plant is presented. Reference [14] estimates the equivalent resistance and reactance between the inverters and the grid based on the model reference adaptive control (MRAC) method of active and reactive power, which can be used as a reference for the equivalent modeling of PV power plants after clustering.
For most PV power plants, the dynamic characteristics are mainly determined by the inverters and their control links [15] . As a matter of fact, the control parameters and filter parameters of the inverters play a major role in the dynamic characteristics of PV power plants. By adjusting and adapting parameters, excellent external characteristics of PV power plants can be realized. When clustering PV power plants, PV units with smaller Euclidean distances of clustering parameters are often grouped into one category. This clustering method is too rough, which will lead to inaccurate clustering results. Some scholars use more complex K-means and FCM algorithms for clustering to improve the accuracy of clustering. However, the random selection of the initial clustering centers and the number of clusters may lead to the algorithm falling into local optimum, which requires repeated validation of the clustering results and increases the computational complexity. In order to reduce the simulation scale without losing accuracy, it is urgent to explore clustering parameters that can more accurately characterize the dynamic performance of PV power plants. At the same time, in order to improve the shortcomings of traditional clustering algorithm, it is necessary to find a more scientific clustering method.
In this paper, the modeling method and control strategy principle of a grid-connected PV system are deeply analyzed. Through deriving the transfer function of control system, the clustering parameters of the grid-connected PV system are determined. Before clustering analysis, the Canopy algorithm is used to preprocess the data to get the initial clustering centers and the number of clusters. On this basis, the clustering results can be obtained by combining the traditional FCM clustering algorithm. After that, the ''coherent equivalence method'' is used to model the PV units clustered into one category [16] , [17] . Finally, through simulation examples, the dynamic characteristics of equivalent models and the detailed model under different fault conditions are compared, which verifies the correctness of the equivalent modeling method adopted in this paper for large-scale PV power stations. 
II. CLUSTERING INDEX OF GRID-CONNECTED PV A. MATHEMATICAL MODEL OF GRID-CONNECTED PV
The construction of a large-scale grid-connected PV power station is an effective method to use solar energy for power generation. There are many devices in a high-capacity PV power station, and the performance of the components is different. The structure of a typical grid-connected PV power station is shown in Fig. 1 .
In order to realize the effective utilization of solar energy, the grid-connected inverters often use a MPPT-unit power factor control strategy to achieve the maximum output of active power. To facilitate analysis, the mathematical model in a three-phase static abc coordinate system is transformed into the model on a synchronously rotating dq-rame [18] - [21] . The typical control strategy is shown in Fig. 2 .
In Fig. 2 , R and T are illumination intensity and temperature, respectively. The output filter adopts single inductance filter [22] , L f is the filter inductance, i f is the current flowing through the filter inductor, u g is the grid side voltage, u i is the voltage on the AC side of the inverter, and r is the equivalent resistance representing the internal resistance of the filter inductor and the influence of the inverter switch. The output voltage equation of the inverter in the frequency domain can be written as follows:
The model structure corresponding to (1) is shown in Fig. 3 . In Fig. 3 , the system model is coupled on the d-axis and the q-axis. In order to facilitate the design of the control system, the feed-forward decoupling strategy is adopted to weaken the coupling. In the AC side of the inverter,−L f ωi fq and L f ωi fd are added into the d-axis and the q-axis, respectively, to offset the coupling term. The decoupled system model is shown in Fig. 4 , which is transformed into two independent and equivalent parts.
Since the inverter switching frequency is much larger than the grid frequency, the amplification characteristic of the inverter can be expressed by the proportional gain k pwm [23] .
The feed-forward compensation of the grid voltage is adopted to eliminate the adverse effect of the grid voltage on the grid-connected current control. The d-axis control structure of the current inner loop after decoupling is shown in Fig. 5 .
The transfer function of the PI regulator is as follows:
Therefore, the closed-loop transfer function of the inner current loop is as follows:
The value of k pwm can be determined according to the actual situation. Since the closed-loop transfer function of the current loop is consistent on the d-axis and the q-axis, this paper only analyses the dynamic characteristics of the d-axis current. The PI parameters of the q-axis are the same as those of the d-axis. The equivalent resistance r is relatively small and neglected.
B. SELECTION METHOD OF CLUSTERING INDEX
Completing clustering of different PV units is the premise of equivalent modeling of PV power plants. The control parameters of grid-connected inverters can reflect the dynamic characteristics of the PV system to a certain extent. However, the exact influence degree of each control parameter and filter parameter of the inverters is unknown. The clustering method which only takes the control parameters as the clustering indexes is not rigorous. There are also simulation error and artificial judgment error when the sensitivity coefficient and weight coefficient of each parameter are given to distinguish the influence degree of different parameters on the dynamic performance by the simulation method.The transfer function of the system is the most intuitive mathematical expression of its dynamic characteristics. This paper establishes the equivalent clustering index by deriving the transfer function of a grid-connected PV system, and the validity of the equivalent clustering index is verified by simulation comparison.
The expressions of zero and pole points of the d-axis closed-loop transfer function obtained by (3) are as follows:
After randomly changing the values of k p , k i and L f , the distribution of zero and pole points is shown in Table 1 .
In Table 1 , groups 2, 3 and 4 differ only from group 1 in terms of k p , k i and L f , respectively, and the other parameters are identical, but the distribution of zero and pole points in the system differs greatly. The values of k p , k i and L f in group 5 differ greatly from those in group 1, but their zero and pole distributions are almost the same. According to the transfer function represented by five sets of data, the unit step response curve of the corresponding system is drawn, as shown in Fig. 6 . Corresponding to the zero-pole distribution of the system, the system with similar zero and pole points has similar dynamic response curves.
The above analysis shows that the zero and pole points of the closed-loop transfer function of the system are closely related to its dynamic characteristics. In this paper, the zeropole expression of closed-loop transfer function is used as the clustering index to cluster the grid-connected PV system. For the above description system, the clustering index vector is a three-dimensional vector, that is, X =[x 1 , x 2 , x 3 ], where
It should be pointed out that for the system with dipoles in the zero and pole points of the closed-loop transfer function, only the influence of the dominant poles on the dynamic characteristics of the system is considered. For simplified analysis, dipoles are not involved in this paper.
III. CLUSTERING AND EQUIVALENT METHOD A. TRADITIONAL FCM ALGORITHM
The fuzzy C-means algorithm is a flexible clustering method. It takes the sum of Euclidean distances between sample points and clustering centers as the objective function and establishes an iterative equation that satisfies the constraint condition. Finally, the sample attribution is determined according to the membership degree matrix.
Suppose there are n samples [x 1 , x 2 , . . . , x n ], and the dimension of each sample space is s. In the traditional FCM algorithm, we first determine c original clustering centers
where u ij represents the membership value of the jth sample relative to the ith clustering center. m is the fuzzy coefficient, which usually takes 2. d ij = ||x j -v i || denotes the Euclidean distance from the jth sample to the ith clustering center. The Lagrange multiplier method is used to obtain the extreme value of (6), and the iteration formulas of membership degree and clustering centers are shown in (7) and (8), respectively.
Iterating over the value of (7) and (8), until the iteration error satisfy v (k+1) − v (k) ≤ ε (k is the number of iterations), stops iteration and outputs the final clustering centers and membership matrix. The clustering center corresponding to the maximum membership value of each sample is taken as the final attribution category of the sample, and then the clustering results are obtained.
B. CANOPY-FCM ALGORITHM
From the above introduction, it can be seen that the initial clustering centers of the traditional FCM algorithm are generated randomly. If the initial clustering centers are not selected reasonably, the algorithm can easily fall into the local optimal solution. In addition, the clustering number of FCM is determined artificially.
In Fig. 7 , the number of clusters is artificially determined to be 2, and all data are classified into two categories. The distance between point K and two clustering centers is d 1 and d 2 , respectively, and d 1 < d 2 . Point K is classified as category A data, but there is a big gap between them (point K is called outlier point). It is obviously unreasonable to determine the number of clusters artificially.
In order to improve the clustering accuracy in traditional FCM algorithm, it is usually necessary to evaluate the clustering effect under different clustering numbers in order to obtain the optimal number of clusters. This undoubtedly increases the amount of calculation.
To avoid the defects of the traditional FCM algorithm, this paper obtains the initial clustering centers and the number of clusters by the Canopy algorithm.
In the first stage, Canopy clustering chooses a simple and inexpensive method to calculate object similarity and puts similar objects in a subset, as shown in Fig. 8 :
The concrete steps of the Canopy algorithm are as follows:
Step 1: Obtain the original cluster data set M . Determine two distance thresholds T 1 and T 2 such that T 1 > T 2 . The values of T 1 and T 2 are determined by a cross-check method;
Step 2: Randomly select an unclassified data point P from M as a clustering center. Calculate the Euclidean distance d from other data points in M to point P;
Step 3: If d ≤ T 2 , classify the data point and point P into one class and delete the data point from M . If T 1 ≤ d ≤ T 2 , classify the data point and point P into one class and keep this data point;
Step 4: Repeat step 2 and step 3 until set M is empty. The data are preprocessed by the Canopy algorithm and then clustered by FCM. This avoids blind selection of initial clustering centers and number of clusters and greatly reduces the computational complexity.
C. CLUSTERING AND EQUIVALENT PROCESS OF PV SYSTEM
After the clustering of the PV system is completed, the PV units clustered into one group need to be equivalent. The method of calculating the parameters of the system after the equivalence is described in reference [24] .
The process of clustering and equivalence is shown in Fig. 9 .
After clustering and equivalence are completed, the equivalent model of the PV power station is established. We need to obtain the dynamic response characteristic curve of the equivalent model and compare it with the original model. In order to quantify the fitting error of the dynamic response curve, the error quantization index is established, shown as follows:
where n is the number of sample points, x i and x * i are the values at the ith sample point on the equivalent model and the original model dynamic response curve, respectively.
IV. ANALYSIS EXAMPLE A. INTRODUCTION OF THE EXAMPLE
In order to verify the above clustering and equivalent methods, this paper builds a detailed model of a 2 MW PV power station on PSCAD/EMTDC platform. The PV power station has 15 PV arrays with a capacity of 130 kW. The PV arrays are connected to a PCC point by inverters, transformers and cables, sent to the upper 110 kV substation by single-circuit overhead lines, and then connected to the power grid by overhead lines. The photovoltaic grid-connected inverters adopt the MPPT-unit power factor control strategy described in this paper. After clustering, the multi-machine equivalent model of the PV power station is established, as shown in Fig. 10 . The number c of equivalents varies according to the clustering index and clustering method.
The basic parameters and equivalent clustering index of each PV unit are shown in Table 2 .
B. CLUSTERING RESULT
In order to independently verify the correctness of the clustering index and clustering method proposed in this paper, the following four methods are used to cluster the above example system.
Method 1:
The clustering index is selected as the inverter control parameters k p , k i and the filtering parameter L f . The clustering index needs to be normalized. The traditional FCM algorithm is used in the clustering algorithm. The number of clusters is set artificially at 2, and the initial clustering centers are selected randomly.
Method 2: The clustering index is selected as the inverter control parameters k p , k i and the filtering parameter L f . The clustering index needs to be normalized. The Canopy-FCM algorithm is selected as the clustering algorithm.
Method 3: The clustering index is selected as the equivalent clustering index based on zero and pole points of system closed-loop transfer function, and the clustering algorithm adopts the traditional FCM algorithm. The number of clusters is set artificially at 2.
Method 4: The clustering index is selected as the equivalent clustering index based on zero and pole points of system closed-loop transfer function, and the clustering algorithm adopts the Canopy-FCM algorithm.
In order to obtain relatively reliable results, when using the FCM algorithm for clustering, this paper runs the program multiple times until the results of the two runs are the same. The clustering result is shown in Table 3 . Regardless of which clustering index is used, the Canopy-FCM algorithm judges the fifth group of data as outliers, which are clustered into a single group, and the whole PV system is clustered into three groups. In addition, it can be seen from Table 3 that the random selection of initial clustering centers leads to a large increase in the number of program runs.
C. SIMULATION EXAMPLE
According to the clustering results, the equivalent models of the PV power station corresponding to the four clustering methods are established in PSCAD. For comparison, a detailed model is built. The dynamic characteristics of the equivalent models are compared and analyzed under the following disturbance conditions.
1) THREE-PHASE SHORT CIRCUIT
The system operates normally. At 2 second, a three-phase short circuit occurs at the PCC point, and the short circuit is removed after 0.1 seconds. The change of active and reactive power of the system is shown in Fig. 11 . In Fig. 11 , the power change curve of the equivalent model based on the equivalent clustering index and Canopy-FCM clustering algorithm is closer to that of the original model in the case of the three-phase short circuit.
From 2 second to 3 second of simulation operation, 50 points are sampled equidistantly. The active power and reactive power error between the equivalent models and the detailed model are calculated by (9) . In order to clearly demonstrate the superiority of the proposed algorithm in efficiency, the recorded system running time includes clustering time and simulation time. For the clustering program using the FCM algorithm, the clustering time is the sum of the multiple running time. The results are shown in Table 4 .
The error of the equivalent model in Method 2 is smaller than that in Method 1, indicating that the Canopy-FCM clustering method has better clustering effect. The error of the equivalent model in Method 3 are smaller than that in Method 1, which shows that the equivalent clustering index is more effective than the original clustering index. Method 4 combines the equivalent clustering index and the Canopy-FCM clustering method, and the error of the established model is relatively smaller. In addition, it can be seen that the model after clustering and equivalence can greatly reduce the simulation time. In the overall running time, the Canopy-FCM algorithm has advantages over the FCM algorithm. It further demonstrates that the clustering index and clustering method proposed in this paper can reduce the clustering error to a certain extent and improve the accuracy of the equivalent model while improving simulation efficiency.
2) SINGLE-PHASE SHORT CIRCUIT
In order to verify the validity of the model under asymmetric faults, a single-phase short-circuit fault disturbance is added to the system. The system operates normally. At 2 second, a single-phase short circuit (phase A) occurs at the PCC point, and the fault is removed after 0.1 seconds. The voltage and current of phase A are shown in Fig. 12 .
Similar to the three-phase faults, the voltage and current curves of phase A of the equivalent model established by Method 4 are more consistent with the original model in the case of single-phase fault. The simulation error and running time are shown in Table 5 .
The results show again the superiority of the new clustering index and clustering method in simulation accuracy and running time. 
3) VOLTAGE DISTURBANCE
In order to analyze the validity of the clustering index and clustering method proposed in this paper under small disturbance, voltage disturbance is applied to the stable operation system. At 2 second of normal system operation, the voltage of the PCC point drops from 10 kV to 9 kV and returns to normal after 0.3 seconds. The change of active power output of the PV system is shown in Fig. 13 . From 1.9 second to 2.5 second of simulation operation, 50 points are sampled equidistantly. The calculated error and running time are shown in Table 6 . The comparison of the error conditions of the active power curves and the running time confirms the validity of the clustering index and clustering method proposed in this paper in the case of small disturbance.
In summary, the simulation results show that, compared with the traditional clustering index and the traditional FCM clustering algorithm, the method of selecting parameters to characterize the dynamic characteristics of the PV system is more scientific in this paper. The Canopy-FCM algorithm avoids blind selection of the initial clustering center and the number of clusters. The equivalent model of the PV power plant based on the equivalent clustering index and the Canopy-FCM algorithm can more accurately characterize the dynamic characteristics of the original PV power plant under different disturbance types.
V. CONCLUSION
This paper describes the mathematical modeling process of a grid-connected PV system in detail. According to the mathematical model of the grid-connected inverter and its control system, an equivalent clustering index based on the zero-pole expression of the closed-loop transfer function is established. The rationality of index selection is verified by simulation. In order to improve the shortcomings of the traditional FCM clustering algorithm, the low-complexity Canopy algorithm is used to generate the initial clustering centers and the number of clusters for the FCM algorithm, which can increase the clustering accuracy and reduce the amount of calculation.
The results of the example show that the equivalent clustering index established in this paper can characterize the dynamic performance of the PV power station more accurately. Compared with the traditional FCM clustering algorithm, the Canopy-FCM algorithm proposed in this paper avoids the defects caused by the random selection of clustering centers and clustering numbers.
In order to simplify the analysis, the equivalent clustering index established in this paper is based on the MPPT-unit power factor control strategy of a photovoltaic grid-connected inverter. For other control strategies, a similar method can be used for analysis. It should be pointed out that when discussing the clustering index of PV power plants, some omissions and simplifications are made, and the accuracy of clustering is thus reduced. 
